Geospatial Visual Analytics:
Visual analysis of spatio-temporal data
Part 3: behaviours of moving objects
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Types of Temporal Variance

Changes of thematic properties (values of attributes) associated with places
- e.g. district population, data from stationary sensors
Existential changes (appearance and disappearance)

Events: objects with limited life time
- e.g. earthquakes, traffic incidents, observations of rare plants or animals

Changes of spatial properties: location, size, shape, orientation, altitude, etc.

- e.g. movement of vehicles, growth of cities
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Example: movement of a person using his private car

The data come from a GPS tracking device

N;Time;Lat;Long;Height;Course;Speed;PDOP;State;NSat

8:22/03/07 08:51:52;50.777132;7.205580; 67.6;345.4;21.817;3.8;1808;4
9;22/03/07 08:51:56;50.777352;7.205435; 68.4;35.6;14.223;3.8;1808;4
10;22/03/07 08:51:59;50.777415;7.205543; 68.3;112.7;25.298;3.8;1808;4
11;22/03/07 08:52:03;50.777317;7.205877; 68.8;119.8;32.447;3.8;1808;4
12;22/03/07 08:52:06;50.777185;7.206202; 68.1;124.1;30.058;3.8;1808;4
13;22/03/07 08:52:09;50.777057;7.206522; 67.9;117.7;34.003;3.8;1808;4
14;22/03/07 08:52:12;50.776925;7.206858; 66.9;117.5;37.151;3.8;1808;4
15;22/03/07 08:52:15;50.776813;7.207263; 67.0;99.2;39.188;3.8;1808;4
16;22/03/07 08:52:18;50.776780;7.207745; 68.8;90.6;41.170;3.8;1808;4
17;22/03/07 08:52:21;50.776803;7.208262; 71.1;82.0;35.058;3.8;1808;4
18;22/03/07 08:52:24;50.776832;7.208682; 68.6;117.1;11.371;3.8;1808;4

About 100,000 positions

Data structure:
<time, position, {any other attributes}>
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Analysis of movements of an individual (person, animal, etc.):
major tasks and typical problems
Investigate the movement behaviour of the object:

- Detect and interpret typical trips: sources, destinations, routes, intermediate
stops, purposes, ...

- Find out the typical times of the trips
- If possible, interpret also atypical trips (e.g. unusual route, timing, duration, ...)
Problems:
- no explicit trips in the data but just positions
- no meaningful places but coordinates
= Places and trips have to be defined through data analysis!

v"In our example, we know that the positions were recorded only while the car moved.
Otherwise, the data could be filtered to remove sequences of records made in the same place
(using an appropriate distance threshold).

Problem: the position records are too numerous to be examined by a human analyst

— The use of database processing and computational techniques is strictly necessary!
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Data preprocessing (one-time operation in DB)

Original data: o e
<t > General Constraints Storage Options Statistics
. y X, Y - Name: [sD070320_
_ Schema: [CEMNADY |
Results of preprocessing: Tablespace: [CENNADY I
Table: ® Standard © @rganized Lsin Inde: i o) [ Use Abstract Datatype
- Points are arranged into temporally Colurnns _
Mame Datatype Size Scale Mulls? DefaultYalue
ordered sequences (NEXTTIME 0 CHER i v
f' Id DT_ DATE ¥
Ie ) MNEXTTIME_ DATE L
. . DIFFTIME_ MUMBER L
- Computed distances in space and ><_ FLOAT 126 v
. _ MEXTH_ MNUMBER v
time to the next position (DIFFTIME D NUMBER v
and DISTANCE ) = R = z
. . oy _ B MNUMBER v
- Derived speed, course, acceleration DISTANCE NUMBER v
H H COURSE_C MNUMBER v
and turn in each point SPEED e o
TURM_C MNUMBER v
- Temporal components are easy to ACCELERATION_C NUMEER v
extract: day of week, day of year, et e - =
decade of month... FI OAT v

This time-consuming data pre-processing needs to be performed only once.
It is therefore separated from further analysis and aggregation procedures.
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Subtask 1: define significant places

We know that the DB contains position records only for the times when the car
moved.

= Large time gaps between successive positions indicate stops.

= We can query the database for the positions where DIFFTIME (distance in time to
the next position) exceeds a specified threshold

The possible meanings of the extracted places will differ depending on the threshold

- Large gaps: places where the person spends much time (home, work)
- Medium gaps: shops, doctors, sport facilities, ...
- Small gaps: traffic lights, street crossings, ...
Places separated by medium to large gaps may be destinations and sources of trips

= Sequences of positions between the gaps represent the trips
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Extraction of the places of stops

DB query: select points where DIFTIME >= chosen temporal threshold
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Interpretation of the places
A) Long stops (= 3 hours)

1) Spatial clustering: find places
of repeated stops

(more significant than occasional stops)

S =

iiiii

of stops

2) Look at the days and
times of the occurrence
53

Days of the week

Hours of the day

'- I G4
. s
o ®
i a % e
. cluster 1173 ohjects (29.8%)
. cluster 2: 109 aohjects (18.8%)
B rnoise: 8 objects (1.4%) 0 - o
= Red: home, blue: work
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Interpretation of the places of stops
B) Medium stops (= 30 minutes)

1) Spatial clustering: find places 2) Look at the days and
of repeated stops (*) times of the occurrence
ar
» » . (clusters 1&2 excluded) .
20
Days of the week
10

Hours of the day

22

15
. cluster 1: 184 ohjects (22.7%) —

. cluster 2: 117 ahjects {14.4%) 1] 23
= EIEEIEI??EEZE}EEIEEEE = Green & light blue: probably shopping
[ cluster 5: 7 objects (0.9%) HHE 10
B cluster 6: 4 objects (0.5%) m

B noise: 17 abjects (2.1%) FIOMNNOTET ey
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Interpretation of the clusters 3 and 4 (continued)

Saturday and Sunday: the stops Monday to Friday: the stops mostly occur in
mostly occur between 10 and 14  the evening hours (max between 18 and 19)
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The interpreted places

Important places

meaning .

other town parking

home: 1 objects (16.7%)

shopping: 2 ahjects {33.3%)
work: 1 ohjects (16.7%)
sport: 1 ohjects (16.7%)
other: 1 ohjects (16.7%)

Irbe i mase b
Lol s lob] Donr = -

. sports place -
- e
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Extraction of trips (trajectories)

DB query: divide the points into sequences
by the temporal gaps (DIFTIME >= chosen
temporal threshold) and extract the
sequences

VA toolkit: represent the
seqguences as spatio-
- temporal lines (trajectories)
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A trajectory in more detail

. Time
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Problems with data quality...

[ R T

Many false starts;
the real starts are missing

INntermationaler
Golf Elub Bonn el

4
e

Heidebergen
) = |
LE3 Gielgen

Positioning errors

[ H 15
|1 HH

Institut
Intelligente Analyse- und
Informationssysteme

Fraunhofer



Looking for typical trips
1) From where and to where?

The trajectories are very
roughly clustered
according to the spatial
proximity of their starts
and ends

Clusters

cluster 1: 111 ohjects (38.3%)
cluster 2: 111 ohjects (38.3%)
cluster 3: 82 ohjects (17.9%)
noise: 16 ohjects (5.5%)
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Interactive tool for spatial clustering

x|

Choose a distance function:

i~ Route similarity

¥ {Composite; starts, ends, path length, duration;

" Composite: stattsfends positions and times
{~ Starts, ends & midpoints (equal time)

" Starts, ends & midpoints (equal distance)
" Starts, ends & time steps

{~ Starts, ends & distance steps

" Spatio-termporal synchronization

= AVG Euclidean temporal based

i~ Route similarity & dynamics

" Load pre-computed distances from a file

ﬂl Cancel |

Clustered by OPTICS with distance threshold = 1200.0 and minimum number of objects = 3. Distance
function: Starts & end

Fut cluster numbers in a table column

- spatial clustering algorithm OPTICS (Ankerst, Breunig, Kriegel, and Sander 1999)

- our implementation: cluster building is separated from distance and neighbourhood computation
- benefit: an analyst may try different distance measures

- there are several variants of distance measures designed specially for trajectories

- most of the measures can tolerate the specific errors in GPS-collected data
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Cluster 1: from around the work to home (111 trips)

Statistics about positions from
Trajectories from ADOTO814_TA_H3
{alexa) fangle 30; stop time 600,
radius 100}

M starts (active)

' M ends (active)

oy

Pie area iz proportional to sum:

0.0
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representation
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The summarised representation in more detail

Major flow

Many /
=
small =

moves ...

‘alke
Variations
iomaler,
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Summarisation of trajectories: how it is done (1)
Original trajectory

Simplified trajectory Generalised positions
LT S L
Tt T 3 T Pies ::L pF': r‘_.:;_] ‘_uh

Minimum angle of direction change {degrees): 30
Minirum duration of a stop: G0 <_SpeCiﬁeS which pOSitiOﬂS to keep
Minimurn radius around a position: 100.0 (T
LIAIS |
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Summarisation: how it is done (2)

around spatially close positions of all trajectories
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Summarisation: how it is done (3)

. Kehlkaul
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Numbers of moves between the circles are counted

- iehikaul

End ID

Direction

Earliest starttime
Latest end time

M of moves

Min maove duration

Max move duration

M of different trajectaries

Lnsoion,

|D=flows_206_203
206

203

SE

05122006 09:35:06
140872007 09:24:26
17

30

181

17

flows_203_206
Start ID

End ID

Cirection
Eatliest starttime

ID=flows_203_206
203
206
MY
04/12J2006 19:15:03

o Latest end time 10M3/2007 18:19:12
. . e 1 e o N of move s 134 |
and represented by arrows of varying width s p B Min rove duration . 5
b M mave duration 144
o MBS of different trajectaries 134
Slelgen A |
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Summarisation: how it is done (4)

cluster2 (1117

When a single cluster is selected (or
v cluster 1 (110)

any other filter is applied to
trajectories), the aggregate moves

represent only those trajectories that
... are currently active

cluster 3 (52)

noise (17)
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. . .. E ‘ Generalised positions
Summarisation: how it is done (5) ftom Trajectories (3

haours gap) (angle 30;
stop time 60; radius
100-200%

Ed Representation method: Parallel
hars
Statistics about positions from
Trajectaries (3 hours gap) (angle 30,
stop time B0; radius 100-200)

o, T . Max duration of stay (active)
e = . Mean duration of stay (active)
St ,;_ &N . Median duration of stay (active)
. — 10793
fiamft ——0

Total: 212 objects

The movement data are also

4 - 07 =17 summarised by the generalised
g St Etax duration of stay (active) 4726 77 positions (circles).
Sk = [Mean duration of stay (active) 2122 h h | q b f )
et +— " [MMedian duration of stay (active) 2111 When the selected subset of active
T Adeis I trajectories changes, the corresponding
e e M different trajectories fi] L : g
N starts 0 . attributes of the circles are re-computed
coacar sn Mends n i i
S, ) T e 5300 (these are thus dynamic attributes).
oG Mean duration of stay 2127
mffg'ig ?;ﬁﬁ;ﬂ of stay 32?3 Various visualisation techniques can be
M different trajectories (active) 37 applled to both static and dynamic
b L SR . attributes of the generalised positions.
ends (active) ]
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Cluster 1: from around the work to home (111 trips)

Statistics about positions from
Trajectories from ADOTO814_TA_H3
{alexa) fangle 30; stop time 600,
radius 100}

T MNstarts {active)

' M ends (active)

- Pie area iz proporional to sum: R .
- 0o = el e
I s O 111.0 - = F -. Fiiarar
s _._!_I_:E-_. - '-_-..@-_.
II |: |I |:
- L1
MMMMMM L
. Observation: the eastern route is chosen
(small green circles)
more often
Natalia & Gennady Andrienko mE 25
| | HHH
[iAs |
Fraunhofer Institat

Intelligente Analyse- und
Informationssysteme



Cluster

st ST

S ZannHangoar
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2. from around home to around the work (111 trips)

Statistics about positions from
Trajectaries from ADOT0814_TA_H3
(alexa) (angle 30; stop time GO0,

radius 100)
T N ostarts (active)
' M ends (active)

Pie area is propodional to sum:
- 0o

| s gl
L Y T
1 o
%\ 9
L
ol 2l uven
e
it

Observation: the eastern route is chosen
much more often
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Cluster 3: trips starting and ending around home (52 trips)

Statistics about positions from
Trajectories from ADOTOS14_TA_H3
(alexa) (anngle 30; stop time 600,
radius 100

T Nstarts (active)

' M ends {active)

Fie area is proportional to sum:
- 0.oo

O 93.00

Observation: the distant trips are mostly
occasional
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Progressive clustering

1) Select one or a few clusters 2) Apply another clustering to the selection;
use a different distance function or different
parameter settings

Clustered by OPTICS with distance threshold = 250.0 and minimum number of objects = 3. Distance
function: Route similarity

et T,

Fut cluster numbers in a table column

|||||

Natalia & Gennady Andrienko mE 28
| 1 B

Fraunhofer Institut

Intelligente Analyse- und
Informationssysteme



Visual Analytics example

Analysing the trips from work to home (111 trips)

Clustering according to route similarity applied to the cluster of trips from work to home

B ciuster - 60 objscts (20 7%) Summarised trajectories excluding the noise
. cluster 2: 32 objects (11.0%)

. cluster 3. 10 objects (3.4%)
=

noise: 10 objects (3.49%)

Srucuuly

= Bonn-Hangelar

‘r@@:ﬁa‘!ﬁ' =
i 7 T ' o 2+ Hypothesis: one of the routes (red) is direct;
Trenen, o : | o the others are used for visiting certain places
2 il . i L |ike Shops-
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Visual Analytics example

The “red” route (60 trips)

""%M s s =/ The"red” route takes less time

s oo | = %+ T - thanthe others. Sometimes, the

EAr qﬁ/———\\ 5 i = YOI _-‘I_L“ e . . . .
L - = trips start quite late in the evening
Wviax duration of stay (active) 857 "= while the latest of the remaining
[IMean duration of stay (active) 743 Mﬁ =

trips starts at 19:22.

ledian duration of stay (active) 743 = L%
M different trajectories (active) 2 i
LS ] TENEEE A ; s

' Start time
20:58149) ©
el e
4 BN Ty
o ® o .
2 : o .. | Here the time was spent
Tk e oo
R 13:53:51 Lo
340 5804
 Duration (second)
Stops are rare and rather short;
the longest stops (just 2) were in
a place not far from home on
route prolongation
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Visual Analytics example

o [=3
The other ways home :
O (=)
“ T
T 212 ID=212 (
o i 5 [Imin curation of stay (active) 383 )
""u,,ﬁj .Maxduratian of stay {active) 5134 - =
Al (T [IMean duration of stay (active) 2021 %,
: : Wvtedian duration of stay factive) 1580 E
aeh e I b &_ M different trajectories factive) 7 i
- ."'Am.xm A2 I e u —
D=212 [ 1@"“& 5
DMm duration of stay (active) g2 q W g, D_# |
W mas duration of stay (active) 4464 § j } G
DMean duration of stay (active) 2351 | &

PR

W median duration of stay (active) 2243 | B Hangetar

C/Ndlﬁerenttrajectarles(actwe) 9 i 3 b H\_‘““

Sirusnbu ek

It aticnals,

|||||||||||

o 1
209 ID=209

St e e [Cin duration of stay tactive) 35 On the Way from the Work to home’

Our hypothesis is RN [ - ; . .
yp 4: the “red” e e e the person often visits the shopping

Supporte t e re rOUte Q-'O ..Medlanduratlunufstay(actlve) 2351 H
SO different frajectories (active) 30 centres. The route through ShOppIng

work-home is direct; on the )
centre 2 (green) is preferred, but not
other routes, the person

makes intermediate stops. S e iy, - always the person stops there
| Rl A . m () s/}~ (see min duration of stay).

T Moz
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Visual Analytics example

The trips through the shopping centres

Is there any regularity in preferring one shopping centre to the other?

=]

Weekly distribution of the trips

< 13 . .
v . _l Start times and durations
212 ID=212 ) ;
DMin duration of stay (active) 382 l- :é.szt:.r;célme I
EMax duration of stay (active) 5135 i TR iv d
Mean duration of stay (active) 2207 iy , P
.Median duration Dfsfa\,r (active) 2165 F ool _——-—_ﬁ‘:i}‘_?? ]
M different trajectories {active) 16 o ©
S .
p 1 T
Red: trips through both °
shopping centres
— o
""""""" e 14:82:41
ID=20% 558 . 5781
[IMir duration of stay cactivey 35 #: Duration (second)
3 [t = duration of stay (active) 4729
LFil, [0 i durati fatay (active) 2242 1 H
(s & f gnﬂgz?anudrjr?t?uz Dsfzragra(calst?ve) A 1) The trlps through the Shopplng Centres Occur
oM diflerent rajectories (active) 35 more often on Wednesdays and Thursdays.
,,,,, . = S 2) Shopping centre 1 is usually visited on
T T e~ Mondays, Thursdays, and Fridays.

On the basis of the clustering results,
we have interactively classified the

Yisits of shopping centres

3) The starting times and durations of the trips

[] none: 61 objects (21.0%)

trips according to the visits of the g 7 eeee s through shopping centres 1 and 2 do not
shopping centres. B oot 3 otiects (1.0 significantly differ.
Natalia & Gennady Andrienko s 32
[1As |
Fraunhofer Institut

Intelligente Analyse- und
Informationssysteme



The use of 3D view (Google Earth) to analyse trajectories

Two clusters of trips from home to work by the direct route differing in dynamics
Yellow: faster trips; cyan blue: slower trips

The clusters obtained using the distance function “route + dynamics”
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Comparison of speed dynamics in 3D view (Google Earth)
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What we have learned about the car owner:

The places where the person lives, works, and shops

The typical routes from home to work, from work to home, to the shopping areas
The places where the person frequently stops on the way from work to home
The durations of the stops, times spent for visiting the shopping areas

The times of the trips and of the stops

How the chosen routes are distributed over the days of the week

The tools we used:

Database processing

Interactive clustering

Computational generalisation and summarisation
Interactive displays

Dynamic filtering
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Visual Analytics example

What we also have learned but haven’t noted explicitly:

The car owner lives in a small town (found using Google Earth and Google Maps)

The person has a flexible work schedule (concluded from the variation of the times of
the trips to and from the work)

The person has no small children (concluded from the times of the trips from the
work to home, which are often quite late)

The person is often away or sick (judging from the distribution of the trips over the

time period, especially in the summer)

A
04122006 144082007

3
green: home to work
red: work to home
blue: home — home

Serious privacy problems = Individual data must not be accessible!
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Reconstruction of the analytical process

enhanced data | _
) nteractive Ul +
Database processing  (~90K records  patabase processing
ifs] > <x,y,t,dt,dx,dy, 0O
speed...>)

raw data (~90K
records <x,y,t>)

Interactive Ul + Interactive Ul +

geocomputations

Database processing

aggregated <

Extracted <
trips trips (~500)
Cluster analysis =
+ visualization
and interactive

analysis tools
+ Google Earth

Typical trips,
their

interpretation
and analysis

Locations of
stops with
variable
t-resolution

=

Cluster analysis
+ visualization
+ Google Earth

(additional data!)
Clusters of

op locations, their

interpretation
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Summary

Movement data: time-referenced positions of some moving object(s) { + values of

time-dependent attributes, e.g. characteristics of the movement }

Analysis of the movement behaviour of an individual object:

Significant places

- Typical trips and their characteristics: start time, duration, origin and destination,

intermediate stops, speed dynamics

- Atypical trips, e.g. unusually long trips home

Analytical instruments:

Database queries: places of stops, sequences of positions

Spatial clustering: typical places of stops (significant places); typical trips by
origin and destination and by routes

Progressive clustering of trajectories: gradual refinement of our knowledge about
the movement behaviour

Summarisation of trajectories: generalised places, aggregate moves, dynamic
(filter-sensitive) aggregation of moves between places and visits of places
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See also

Gennady Andrienko, Natalia Andrienko, Stefan Wrobel
Visual Analytics Tools for Analysis of Movement Data
ACM SIGKDD Explorations,

2007, v.9 (2), pp.38-46
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